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.~ Numerical method

- Time: pressure correction fractional-step method
semi-implicit 3-step Runge-Kutta
[Verzicco & Orlandi J. Comput. Phys.(1996)]
CFL <0.3
- Space: Pseudo-spectral method
streamwise( ¢ ), Fourier expansions
cross-streamwise(y, z), Chebyshev polynomials

Azt <164 Ayt Azt <54

« 2D Helmholtz equations:

Chebyshev collocation (fast diagonalization
technique)  [Haldenwang, J. Comput. Phys. (1984)]
= “dgemm”X4 — GPU acceleration for high-Re

but low-Re in my talk, today

Secondary flows of Prandtl’'s second
kind at marginal-~Re turbulence Ri=0

Rep = 2200 Rep = 4400

4-vortex

Uhlmann, Pinelli, Kawahara & Sekimoto,
J. Fluid Mech. (2007)
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Geometry & simple heating from below
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Dissipation vs Energy input Ri=0
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Shooting dynamics in phase space

(1) Turbulent flow approaches
B UPOs or EQs frequently

dissipation (2) Then, turbulence representg

Shooted trajectory on 3 similar structure with the
D S s exact coherent structures
\ Part of unstable
\u,, manifold perpendicular to 2

v (@R Upper-branch EQ
— s ® attractor ( Apcpﬁve>

4" Shooted trajectory
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Lower-branch EQ
(Quiescent)
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(attractor)

boundary (2)
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Part of unstable
manifold on £
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Secondary flow of Prandtl’s second kind

Instantaneous Rep = 4400 2
coherent structures Mean secondary flow b

Travelling waves

[Uhlmann, Pinelli & Kawahara
(Phys. Fluids, 2010)]

[Pinelli et al, JEM (2010)]
Rey = 2200

Quiescent turbulence

= Control target
(four-vortex state)

[Okino & Nagata
(J. Fluid Mech. 2010)]

Previous my works

[Uhlmann et al., JFM (2007)]
+ Reynolds-number effect [Pinelli ef al., JEM (2010)]
- 4-vortex state in a iso-thermal square duct
Repy = 2200 ~ 3000
- Puffs in a square duct as in a pipe flow
Rep = 1800 ~ 2000

» Richardson-number effect 0< Ri <1.0(Rey = 3000,4400)\

« Turbulence-driven vs buoyancy-driven Pr—0.7

[Sekimoto, Kawahara, Sekiyama et al. PoF (2011)]
« (Prandtl number effect)

7
o Veloeiny Seeles Friction coefficien‘[2
1. mean bulk velocity: up f=8 <Z—;)
2. friction velocity: Ur = \/Tw/p
3. buoyancy-induced velocity:
ug = /|g|BATH
- Non-dimensional parameters:
upH
RGH = b—,
v
v
Pr = —
K
p = lalBaTH _ Gr ug) 2
T = = e =4
up? Re%[ up,
9
Mean temperature & Lz =2rH
secondary flow Rep = 4400

» Buoyancy effects appear at: R7 ~ 0.025
Buoyancy is dominant at: R; > 0.25

Buoyancy-induced

@ n \ (110)
Ri = 0.020

Ri = 0.052 o Ri = 0.52

7 Q%
i

[Sekimoto et al. PoF (2011)]
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Coherent Structures  Rey = 4400
Q = —Ap = 0.03u /v?

@ n) O O (111)
Ri = 0.00026 Ri = 0.52

u = 0.6uy

Ri = 0.052

[Sekimoto ef al. PoF (2011)]
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Stabilization of a 4-vortex state pr=o07
by heating from below

Lz =20mH
Ri=0 R =0.01 | k7 = 0.1
Rep = 2200 | Turb. Turb. 4-vortex
Repg = 2000 | Puff Puff 4-vortex
Rey = 1800 | Puff Puff 4-vortex
Rey = 1600| Laminar Laminar Laminar
. = at

» Automatic complex control
— deep reinforcement learning
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Framework of DDPC algorithm <
Actor NN

White noise is
Reduced as the
episode increases

+N (o)
Critic NN

Ri

1A
-
: state
A
DNS (env.)

l (1 Segment)

=9

State+

Learning to maximize the Q function

Q(st ar) = Es,,, [7”(5:) +v m?x Q (Se41, at+1)]
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Cost function in RL ©
* Rey=2400, Pr= 0.7 (fixed), G s0em.
control the heat input P
Ri=0.0-0.1 (imited range) 0=
observing environment (DNS) Agent oo
¥ sae history
NO Reward | pickuphistory &
Train Agent Replay buffer
1
Ideal controlled indicator
ard >0
tuy / h
17
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Deep Reinforcement Learning ©

« DRL, maximize the expectation,
E[R,) of total reward R, to find
the optimal policy

Rey = 2400 (fixed)
Pr = 0.7 (fixed)
Lz =2mH

" := argmax{E[R,]}
n
T

R, = Z y'n
1=1

Environment
=DNS

(state),
—I(reward)

multi-

environment

n Policy = Control of Ri

n* Optimal policy (control) parallelized

R,  Total reward

Agent

&

Pick up history &
Train Agent

accumulated = Cost )
function Save history
Reduction rate

= waight of past reward
Reward at each segment
(step)

=1

Replay buffer
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Reward: four-vortex state indicator, /

« The indicator function using the mean streamwise
vorticity [Uhlmann et al.(2007)]
Si+S8S3—=85,—-5,

1(0) = ,
Si+S3+ S+ 5,

5= [[Cnzayaz
(93

Q:{D)ly<zny<-z}0:{y2)ly<zny> -z},
QA Dly>zny > -z} 0,:{(n,2)ly >zny < -z}
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Details of RL ©
* Algorithm Reward [from env. (DNS)]
- DDPG [Lillicrap ef aL.2016)] - based on the indicator function
» Two DNNs: If/>-05
ADAM optimizer Reward, r=0
» State [= what we observe Eli:emrd' -1

fro m env. (DNS)]

* The Fourier modes of cross-sectional

*Episode (=1 run of DNS)

«1 episode = 5400 h/u,
+Divide each episode into 200 of

velocities, v, w

EIJ 2 La I segments
tpcusmg on Large-scale « The different initial condition for
mation each episode (30 episode)

« Action (control) Ri = [0 ~ 0.1]
Rey, = 2400 (fixed)

Pr = 0.7 (fixed)

Lz =2nH = 4wh

*Segment (the interval of control)
-1 segment = 271—f‘b
— no history correlations between

previous control
(~ 2 washout time) — “Markovian”

ICCFD12
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The structure of Neural Networks ©

the state, and the Critic NN does Q of actions for each
state

« Actor NN
- state(13068)=(32768)=(4096)=(512)=+(64)=saction
« Critic NN

« Activation function: ReLU
« Fully-connected

« DDPG has two NN: Actor NN calculates the action from

- state+, action(13069)=(32768)=(4096)=(512)=(64)=Q-value

Hyper parameter for NNs

« Learning rate
« Actor_Ir = 0.0001
« Critic_Ir = 0.001
« Reduction rate (almost no consideration from past rewards)
- 0.99
- soft update parameter (target NN)
- 0.005
« Replay buffer
(common for all episodes and agents, necessary for parallel
environments)
- 2000 buffer (remember the latest 10 episodes )
- Butch size: 64

19

Result: episodel

«Increases Ri=0.1
« The thermally-driven circulation = failed

No Reward

20
Epsode 3, agent becomes smarter
~1.0 o 0.0 1.0
-1.0 ;7 (‘;l 1.0 Z/h
1.0
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Rionﬁ 100
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0.02 —0.5
00 -1.0
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Episode 8

- Switching between Ri=0 and Ri=0.1
« An intermittent heat control is realized
« It keeps one on the secondary flow pattern of /<0

R _Heating .
o s No reward
050
0.08
025
0.06 I
0.04 -0.25
5
0.02
s
000 100 Reward > 0
P v o mw o ww o ww  sow
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Control: ON (Movie)

24
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Constant heating (R/=0.02) vs RL-control
[from the same initial condition]
- Dynamic heating controled by RL achieves more-
stable four-vortex pattern:--
RL Constant
Ri=0.02

1 100

075 075

050 050

025 025

-025 -025

050 -050

-075 -075

100+ -L00
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
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Summary and perspectives

« Complex 3-D flow with Re-, Ri-, Pe numbers
« (also aspect ratios, As, Computational domain, Lx, etc. )
« Stabilized the mean secondary flow pattern, which is called as a corner flow,

using buoyancy force . L ) ) )
— heat enhancement, particle migrations (or separations), control in a micro-

reaction channel

- Difficulties of flow control from the strong nonlinearity of turbulence
« Successful nonlinear control method using (deep) reinforce mentlearning

— now, targeting a specific known flow pattern (4-vortex state)

— The target flow is realizable? Ii?tnamicsl system approach of turbulence
&’

— Which ML models are suitabl How do we reduce the complexity - GPU mem.

— How about hig-Re ?
« High-fidelity CFD are expensive
« Parameter optimization using Bayes optimization or GA algorithm
« Keep developing the advanced GPU-accelerated code (or QPU-acceleraged?)

« Scale up
— Power-game in industry and international-collaboration in academic

27
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T
0.5 Intermittent Heating
12.0 x 107 ' g
0.4 !
1
0.3 8010~ |
|
40x107*

0.0 0.0
0.00 0.02 0.04 0.06 0.08 0.10
Ri

Contribution of intermittent heating
« R/ — probability density function (PDF, left)
— pre-multiplied Ri, PDF is multiplied by A’ (right)
« In logarithmic scale in A/ — Area corresponds to the total heat input
» Compare to the constant heating (//= 0.02) — 20% heat reduction

)
|
x 1074 !
0.005 0.01 0.02 0.1

Ri
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Thank you very much

Questions and discussions — e-mail:_asekimoto@okavama-u.ac.jp

Plese visit: AtsushiSekimotolLab.
(Data-driven computing, dynamical system, flow control)
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